Abstract: A non-financial enterprise with receivables or liabilities denominated in a foreign currency is exposed to currency risk. Wanting to calculate a financial reserve in order to secure its receivables or liabilities, an enterprise can introduce the concept of the value at risk. To determine value at risk, an enterprise has to know the probability distribution of the future value of the receivable or the liability for a specific moment in future. Using a geometric Brownian motion to reflect exchange rate changes is among the possible solutions. The aim of the paper is to indicate that using the Monte Carlo simulation for forecasting the currency risk of an enterprise is a clear, easy-to-implement and flexible in terms of the assumptions approach. The flexibility of the Monte Carlo approach relies on the possibility to take up the assumption that the currency position changes caused by currency fluctuations have an other than normal probability distribution.
Introduction
A non-financial enterprise with receivables or liabilities denominated in a foreign currency is exposed to currency risk. Wanting to calculate a financial reserve in order to secure its receivables or liabilities, an enterprise can introduce the concept of value at risk. To determine value at risk, an enterprise has to know the probability distribution of the future value of the receivable or the liability for a specific moment in future. Using a geometric Brownian motion to reflect exchange rate changes is among the possible solutions. The traditional approach (that is most often presented) to geometric Brownian motion assumes normal changes, whereas in cases of currencies these changes can be other than normal.
The aim of the paper is to indicate that using the Monte Carlo simulation for forecasting the currency risk of an enterprise is a clear, easy-to-implement and Forecasting currency risk in an enterprise using the Monte Carlo simulation...
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flexible in terms of the assumptions approach. The flexibility of the Monte Carlo approach relies on the possibility to take up the assumption that currency position changes caused by currency fluctuations have an other than normal probability distribution. The intended contribution of the paper is to promote the Monte Carlo simulation as an easy to understand risk forecasting technique. This could be an argument for smaller economic entities to introduce simulation for casual use. A case study of a currency position being a receivable of a hypothetical enterprise with a year payment horizon is presented. The case study compares the absolute value at risk of ten different currencies in which the receivable could be denominated.
Forecasting market risk using a geometric Brownian motion
Forecasting a financial risk using the historical simulation (HS) is a rather limited solution. The most important problem is the frequency of the available data. The data with daily, weekly or monthly frequency gives respectively a daily, weekly or monthly forecasting horizon. Forecasting a quarter or half a year ahead or any desired horizon with the data of limited frequency to hand can be conducted by using a geometric Brownian motion (GBM). This solution is based on the assumption that the examined financial instrument logarithmic changes are normally distributed (1). An individual who knows the mean and the standard deviation of logarithmic changes (2) of a financial asset (e.g. a receivable or a liability in a foreign currency) is able to calculate the expected value (3) and standard deviation (4) of the financial asset (or a capital allocated in the financial asset) for any given horizon (time interval) [Brigo et al. 2007, pp. 5-6, 9; Vose 2008, pp. 329-330] . The traditional approach to GBM assumes that financial asset changes are normally distributed, whereas the future value of the financial asset has a log-normal distribution [Glasserman 2004, pp. 94-95] .
where: G N () -the inverse function of the cumulative distribution function for the normal probability distribution, μ -drift, σ -volatility, T -time interval (1 when "step by step" -day by day, week by week etc.), P t -financial asset value (or capital allocated in the financial asset) in the current period, P t+T -financial asset value (or capital allocated in the financial asset) after time interval T, u -a random number from the uniform distribution (0,1).
where: m -average value of the empirical probability distribution of the logarithmic changes (logarithmic rates of return) of the financial asset (expected rate of return), v -variance of the empirical probability distribution of the logarithmic changes (logarithmic rates of return) of the financial asset (expected rate of return).
where: E(P t+T ) -the expected value of the financial asset (or capital allocated in the financial asset) after interval T, S(P t+T ) -the standard deviation of the value of the financial asset (or capital allocated in the financial asset) after interval T.
The value at risk is the "worst loss over a target horizon that will not be exceeded with a given level of confidence" [Jorion 2007, p. 17] . In terms of calculating a financial reserve for a receivable or a liability in a foreign currency, the absolute VaR is an amount that covers the potential negative changes with a given probability level.
In the traditional approach, in order to calculate VaR for the financial asset (or capital allocated in the financial asset), the inverse function of the logarithmic normal distribution has to be used (7) to obtain the desired quantile. The inverse function needs arguments (5, 6). They can be obtained on the basis of the expected value (3) and standard deviation (4) of the financial asset in a given horizon T [Vose 2008, p. 658] . Knowing the quantile and the present value or the expected value (3) of the financial asset, an individual may calculate respectively absolute (8) and relative (9) VaR [Jorion 2007, p. 108 ].
where: E LN -the expected value of the natural logarithms of financial asset possible values (or capital allocated in the financial asset) after interval T, S LN -the standard deviation of the natural logarithms of financial asset possible values (or capital allocated in the financial asset) after interval T, P t+Tα -the quantile value of the financial asset (or capital allocated in the financial asset) after interval T with a given significance level (with a given probability), G LN () -the inverse function of cumulative distribution function for the logarithmic normal probability distribution, α -significance level (given probability).
where: VaR A -absolute value at risk of the financial asset (or capital allocated in the financial asset) after interval T, VaR R -relative value at risk of the financial asset (or capital allocated in the financial asset) after interval T.
Taking into account the aim of the paper it has to be stated that the Monte Carlo approach to GBM can be easily conducted "step by step" with equal or unequal time increments [Vose 2008, pp. 330-331] . Day by day for daily empirical data, week by week for weekly empirical data and so on. In the Monte Carlo approach it is also very easy to introduce other than normal probability distribution (10). "Valuing financial assets when the world is not as normal as assumed by many financial models requires a method flexible enough to function with different distributions which, at the same time, can incorporate discontinuities such as those that arise from jump processes. The Monte Carlo method fulfills all these requirements, in addition to being accurate and efficient, which makes this numerical method the most suitable one in those cases that do not conform to normality" [Ochoa 2004, p. 1] .
where: G BF () -the inverse function of the cumulative distribution function for the best fitting (to empirical) probability distribution, Par 1 , Par 2 , …, Par mthe parameters of the inverse function, P t -financial asset value (or capital allocated in the financial asset) in the current period, P t+1 -financial asset value (or capital allocated in the financial asset) in the next period, ua random number from the uniform distribution (0,1).
The simulation is very easy to perform on a spreadsheet. The first step is to possess empirical data on a financial asset. In cases of a receivable denominated in a foreign currency the historical currency quotations have to be gained. The next step is to choose the frequency for the step-by-step approach. For example, if the weekly frequency is chosen then the empirical data should be filtered into weekly data. After that the empirical quotations should be recalculated into logarithmic changes and their expected value and standard deviation should be obtained (2). Then the forecasting horizon should be chosen and the initial value of the financial asset (or capital allocated in the financial asset) should be set. Finally, the value of a financial asset should be calculated step-by-step (week-by-week when the weekly frequency is chosen). The process should be repeated many times to gain as many potential scenarios of the value of the financial asset in a given horizon as possible. The more scenarios, the more precise the accuracy of the simulation approach is (see: sample spreadsheet solution for the traditional and simulation approach to GBM in Figure 1) .
The Monte Carlo approach is much easier in terms of the clear presentation of the problem as well as being an incomparably easier way to perform calculations of Forecasting currency risk in an enterprise using the Monte Carlo simulation...
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VaR using spreadsheet functions (see: Figure 1 ). Thus, the Monte Carlo approach should be promoted as a tool suitable for individuals not having strong statistical experience whereas this experience is required for the traditional approach.
The second important problem is the type of the theoretical probability distribution. The popular approach to GBM assumes a normal probability distribution. One of the most significant disadvantages is the poor reliability in covering extreme losses [Wilmott 2006, pp. 297-299] . The logistic and hyper secant distribution are indicated, e.g. to "well fit over the entire domain of the empirical distribution, without the needing to trade off between tail and central range of the series at hand" [Bagnato et al. 2015 [Bagnato et al. , p. 1232 . The Monte Carlo approach enables the easy introduction of any other type of distribution. Taking into account the aim of the paper it has to be emphasized that this possibility is an important advantage of the Monte Carlo approach which proves its flexibility. The most important thing is to fit the distribution to data. This can be done using various goodness-of-fit statistics (Chi-Square, Kolmogorov-Smirnov, Anderson-Darling) or information criteria (Schwarz, Akaike, Hannan-Quinn) [Vose 2008, pp. 284-295] .
No matter the method or the approach, the calculated VaR is a hypothetical, maximum, negative change in an asset with a given confidence level. Making a financial reserve equal to VaR means covering the asset potential loss with a given confidence level. The difference between absolute and relative VaR is that relative VaR covers the difference between the expected value and the present value.
Case study
A hypothetical enterprise was assumed to have a receivable in one out of the ten foreign currencies, of which the present value recalculated in a domestic currency was 10,000.00 PLN on 31 st December 2016. The receivable is a long-term asset that is expected to be converted into a domestic currency after 52 weeks. The enterprise is going to secure the receivable by making a reserve. The reserve has to cover potential losses with 99% confidence level. The absolute Value at Risk (VaR A ) was calculated for every considered foreign currency. The traditional approach and the Monte Carlo approach were used. Alongside the normal distribution, a best fitting distribution was used in the Monte Carlo approach.
On the basis of 521 weekly logarithmic changes of every currency (01/05/2007--12/30/2016 -last ten years) an expected logarithmic change with accompanying standard deviation was calculated. Subsequently, the forecasted probability distribution of the receivable was derived using the traditional, non-simulation approach to GBM. The highest expected value of the hypothetical receivable was noted for the CHF (10,653.32 PLN), whereas the lowest -for the HUF (9,192.74 PLN). The expected value higher than the present value was noted for seven out of the ten considered currencies (Table 1) . Taking into account that currencies change along with the traditional approach to GBM, a 1% quantile was calculated for a 52-week horizon (Table 1 ). The highest quantile was noted for the CZK (8,290.77 PLN), whereas the lowest for the UAH (4,211.86 PLN). In this way it was determined that the future value of the receivable in the CZK would exceed 8,290.77 PLN with a 99% confidence level. In the case of the UAH, the future value of the receivable will exceed 4,211.86 PLN with the same confidence level. The lower the quantile with a given confidence level, the higher the currency risk affecting the enterprise's receivable.
As a consequence, the VaR A for the receivable denominated in the CZK is 1,709.23 PLN and 5,788.14 PLN in the case of the UAH. This means that the receivable with a present value of 10,000.00 PLN will not lose its value by respectively more than 1,709.23 PLN and 5,788.14 PLN (Table 1) . Making a reserve equal to the VaR A means securing the receivable with a 99% confidence level. In other words, there is a 1% chance that the receivable will decrease by more than the value of the VaR A . One should notice that the same level of security is to be achieved for the receivable denominated in the CZK with a 3.39 times lower amount.
The calculations were conducted again using the Monte Carlo approach. The first variant under consideration was the simulation with the normal probability distribution assumption 1 , whereas the second variant was the simulation with the assumption that the currency position changes have the probability distribution that fits best to empirical data.
2 There was no normal distribution indicated in any 1 The outcome provided by the Monte Carlo simulation with a normal distribution assumption in terms of forecasted currency position changes is equal to the outcome obtained with the traditional approach. It has to be mentioned that individuals with lower statistical experience could perceive the simulation approach as being much clearer.
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currency taken into account. In the case of five currencies it was determined that the best fitting theoretical probability distribution was hyperbolic-secant distribution (CZK, GBP, HRK, HUF, NOK). The next four currencies had the Laplace distribution (CHF, DKK, EUR, UAH). There was also one currency with logarithmic-logistic distribution (USD). The expected value and the VaR A were obtained using 100,000 iterations, the random values were generated using the Latin HyperCube technique and the Mersenne Twister random number generator. The hierarchy of the considered currencies due to the forecasted VaR A was changed by the assumption of the best fitting probability distribution. It has to be emphasized that using the normal distribution instead of the best fitting one provided a 21.1% higher VaR A in the case of UAH (the VaR A equal 5,788.54 PLN for the normal and 4,780.80 PLN for the best fitting). In cases of the CHF, CZK and EUR currencies applying the normal distribution resulted with a significantly different VaR A . The VaR A derived was respectively -15,1%, -11,3% and -13,7% lower. It has to be noted that the expected value calculated with the assumption of the normal probability distribution resulted to be lower (-2.3%) in the horizon of 52 weeks for UAH. A different situation was observed with CHF, CZK and EUR which indicated the expected value respectively of 10.5%, 3.6% and 4.3%. What is interesting is that the outcomes were very similar for the HRK and HUF currencies. The graphical analysis of the probability distribution of the receivable future value for UAH and CHF enhances the ability of an individual to perceive the associated market risk. Using the normal probability distribution for UAH shows higher risk (Figure 3) , whereas using it in the case of CHF shows a lower risk in comparison to the best fitting probability distribution (Figure 2 ). Using the best fitting distributions may lead to significantly different outcomes in terms of risk. Backtesting the VaR model with such a long horizon (a year) using empirical data is limited (especially in young markets). An individual may check the distribution using weekly or daily frequency (see more on the VaR backtesting in: [Hull 2012, pp. 197-200; Jorion 2007, pp. 139-157; Best 2000, p. 105] ).
The basis of the calculations is empirical data. Regardless of the finally chosen approach (traditional, simulation with normal changes or simulation with best fitting Fig. 3 . The forecasted probability distribution of the receivable denominated in UAH. The VaR A lower with the best fitting probability distribution of receivables changes over time Source: own elaboration. changes) the final outcomes strongly depend on the chosen historical period. In the considered case changing the assumption concerning the period of empirical data from last ten years to last five years changes the calculated VaRs significantly (Table 3) .
In the shorter analysed period assuming the normal changes of the receivablenine out of the ten currencies taken into account (all but UAH) indicated the lower VaR A . It should be emphasized that in the case of five currencies the difference exceeded -25% (DKK, EUR, HRK, HUF and USD). Only for UAH, was VaR A more than 15% higher (in comparison to the outcome derived using the assumption of the last ten years). Certainly, the UAH was affected by the political crisis. Thus, shortening the empirical data caused higher VaR. The other currencies were probably affected by the financial crisis and its post-period (2007-2009) . Excluding this period caused lower calculated VaRs (Table 3) .
It has to be stated that the character of the empirical data period should be confronted with the expectations in terms of the forecasted period. The expected turbulent circumstances on the financial market could result with considering the significantly volatile empirical period as the basis of forecasting currency risk, which should result in avoiding underestimated VaRs. Simultaneously, excluding the turbulent period could be the solution for forecasting a steady future period in order to avoid overestimating the risk. The ultimate consequence of overestimating the risk might be higher than the required financial reserves unnecessarily affecting liquidity. Using the simulation with the best fitting probability distribution delivered divergent outcomes again (Table 4 ). The probability distribution fitting did not result in normal distribution for any of the considered currencies. The most frequent best fitting probability distribution appeared to be logistic distribution (five currencies -EUR, GBP, HUF, NOK, USD). The second most frequent probability distribution was hyper secant distribution (three currencies -CZK, DKK, HRK). For one of the considered currencies it occurred that logarithmic logistic distribution fitted best (CHF). The case of UAH indicated the Cauchy probability distribution as the best fitting one which, in terms of the simulation, delivered unreal extreme future values (0 or +∞). Consequently, the Laplace distribution was assumed for UAH. It has to be stated that this distribution was marked as the best fitting one in the longer ten-year analysed historical period. Simultaneously, the probability distribution was repeated twice for CZK and HRK (Table 4) .
The simulation results showed clearly that using the normal distribution in the case of CHF and UAH had brought higher VaR A (respectively 36.1% and 46.6% higher). The calculations indicated lower VaR A for most of the other considered currencies. Only in the case of HRK and NOK the simulation result was very close. Again, the highest VaRA in the case of the best fitting probability distribution was indicated for UAH (4,556.05 PLN), whereas the lowest -for HRK (1, 377.85 PLN) and HUF (1, 455.19 PLN) .
Both the empirical period used for the distribution fitting as well as using the best fitting distribution instead of the normal distribution have significant meaning. The normal distribution was not the best fitting one in the case of any considered currency for both of the empirical periods that had been taken into account. The best fitting probability distribution differed for the most currencies when it came to different empirical periods. 
Conclusions
An enterprise willing to introduce the VaR concept for financial reserves calculation may benefit in a much more precise picture of currency risk. Knowing the amount that covers the future volatility of a receivable or a liability which depends on foreign currency changes with a given probability level is not what an ordinary enterprise (especially small and medium) is usually going to get in terms of financial reserves calculation. The Monte Carlo approach simplifies the calculation of VaR which should be an argument for smaller economic entities suggesting a casual usage. In the Monte Carlo approach, it is also very easy to use other than normal distribution. Taking into account the aim of the paper it has been shown that the Monte Carlo based model for forecasting currency risk can be easily developed in a spreadsheet. Such a computer model can be perceived as a flexible solution because the normal probability distribution can be easily replaced with any probability distribution that fits better to currency changes.
The calculations performed for the case study clearly suggest that using the normal probability distribution may undoubtedly lead to different outcomes than using the best fitting distribution. The frequently fitted distribution for the considered set of currencies was hyper secant distribution or logistic distribution in both historical periods taken into account.
